Introduction
Processing free-text clinical information in an electronic medical record (EMR) may enhance surveillance systems for early identification of ILI outbreaks. However, processing clinical text using NLP poses a challenge in preserving the semantics of the original information recorded. In this study, we discuss several NLP and technical issues as well as potential solutions for implementation in syndromic surveillance systems.
Methods
This is a retrospective, cross-sectional study conducted at the EDs of a large urban academic medical center and community hospital. The study timeframe was October 1, 2014 to June 30, 2015. Geographic Utilization of Artificial Intelligence in Real-Time for Disease Identification and Alert Notification (GUARDIAN) -a syndromic surveillance program -received and processed HL7 messages in real-time and generated ILI surveillance reports. The sophisticated GUARDIAN NLP algorithm processed each patient chart component, consistent with a physician's manual review [1] .
A random sample of 10 ILI-positive cases detected by GUARDIAN was drawn each week for manual review to confirm the positive presence of the ILI case definition terms: fever, cough, and sore throat. False ILI-positive cases, and associated causes, were documented and categorized as shown in Table 1 .
Results
Of the 519 ILI-positive charts reviewed, 56 cases were false positive, mainly due to NLP or programming errors (e.g., incorrect concept parsing due to certain punctuation and word combinations).
Temporal relationships were found to be a challenge for NLP: examples included when a clinician noted a fever in the past or documented instructions to return for a fever. Physician documentation style was also a common and difficult problem: examples include the use of italics or bold text to represent a positive or negative symptom.
We identified new terms to add to the negation list and discovered a problem caused by the use of a long negation string. GUARDIAN was programmed to acknowledge negation strings up to 16 words since any more words than that decreased accuracy.
We found that temperatures were occasionally corrected in the EMR, while GUARDIAN had no way of knowing the original value was an error. Lastly, on occasion, there was also reception of incorrect inpatient vitals and truncated nurse notes.
With the modification of our system architecture and NLP engine, we were able to reduce the associated ILI false positives from 56 (10.8%) to 32 (6.2%).
Conclusions
The use of NLP can enhance the efficacy of syndromic surveillance systems. However, there are limitations to NLP processing loads.
While many NLP errors can be corrected, yielding improved accuracy, some issues cannot be resolved. Sharing known technical and NLP issues, and their resolutions, can assist in minimizing errors to acceptable levels (<5%) leading to refinement of existing syndromic surveillance systems. Note: *Issues were resolved by modifying the system architecture and NLP engine.
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